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Background
Genomewide association studies have identified multiple genetic variants associated with breast cancer. The extent to which these variants add to existing risk-assessment models is unknown.
Methods
We used information on traditional risk factors and 10 common genetic variants associated with breast cancer in 5590 case subjects and 5998 control subjects, 50 to 79 years of age, from four U.S. cohort studies and one case-control study from Poland to fit models of the absolute risk of breast cancer. With the use of receiveroperating-characteristic curve analysis, we calculated the area under the curve (AUC) as a measure of discrimination. By definition, random classification of case and control subjects provides an AUC of 50%; perfect classification provides an AUC of 100%. We calculated the fraction of case subjects in quintiles of estimated absolute risk after the addition of genetic variants to the traditional risk model. P ersonalized medicine, the assignment of preventive measures or treatment interventions on the basis of individual characteristics, can result in better outcomes than the use of the same strategy for everyone. Recent changes in the U.S. Preventive Services Task Force guidelines 1 for mammographic screening raise the question of whether recommendations about age at the onset of screening and the frequency of screening can be calibrated to an individual woman's risk of breast cancer. Clinicians already use guidelines in making decisions about assessments to identify carriers of rare BRCA1 and BRCA2 mutations, which confer very high risks of breast cancer and ovarian cancer. 2 Single-nucleotide polymorphisms (SNPs) that have been shown to be associated with breast cancer in genomewide association studies 3 are common but confer only small increases in risk. Whether these variants collectively enhance the identification of women at increased or reduced risk is unknown.
The Breast Cancer Risk Assessment Tool, 4,5 commonly referred to as the Gail model, summarizes information about a woman's reproductive history, breast cancer in close relatives, and previous breast biopsies to estimate the probability of the development of breast cancer in subsequent years; the estimated breast-cancer risk based on the Gail model has been used for counseling, informing decisions about the use of tamoxifen, 6 and determining sample size in randomized prevention trials. 7 In this study, we empirically evaluated the contribution of a set of 10 newly established common genetic variants as an alternative to and as a supplement to the components of the Gail model in 5590 case subjects and 5998 control subjects, 50 to 79 years of age, included in the National Cancer Institute's Cancer Genetic Markers of Susceptibility multistage genomewide association study of breast cancer. 8 
Me thods
Studies
Investigators from the Women's Health Initiative Observational Study, 9 the American Cancer Society Cancer Prevention Study II Nutrition Cohort, 10 the Prostate, Lung, Colorectal, and Ovarian Cancer Screening Trial (ClinicalTrials.gov number, NCT00002540), 11 and the Nurses' Health Study 12 collected information and specimens at baseline and clinical observations of the subjects for up to 15 years of follow-up. We also used data from the Polish Breast Cancer Study, 13 a population-based case-control study in Warsaw and Lodz, Poland.
Subjects
All case subjects were women who had received a diagnosis of invasive breast cancer. Additional descriptions of the studies, including methods for case ascertainment and selection of control subjects, are included in Appendixes 1, 2, and 3 in the Supplementary Appendix, available with the full text of this article at NEJM.org.
components of the Gail Model
We included components of the Gail model that were collected prospectively in the four cohort studies and retrospectively in the case-control study. These components were the number of first-degree relatives with a diagnosis of breast cancer, age at menarche, age at first live birth, and number of previous breast biopsies. Mammographic density and diagnosis of atypical hyperplasia, which have improved the performance of the Gail model in other studies, 4, 14 were not available for most studies and were not used in this analysis.
Genetic Variants and Genotyping
We analyzed genotypes in case subjects and control subjects for 10 SNPs with established associations with breast cancer that achieved genomewide significance in three published genomewide association studies. 8, 15 Some of the data used in our analysis were reported in earlier articles on the discovery of susceptibility alleles. 8, [16] [17] [18] Genotypes used in this analysis were described in a recent article about the Cancer Genetic Markers of Susceptibility study. 8 Complete genotype data from a total of 5590 case subjects and 5998 control subjects were available for analysis after the exclusions described in Table 1 in the Supplementary Appendix.
Models
We fit a family of five logistic-regression models, including combinations of demographic factors (age, entry year, and cohort), the components of the Gail model, and genotypes for the 10 SNPs. The demographic model included demographic factors only; adjustment for age is described in Appendix 4 in the Supplementary Appendix. The nongenetic model added components of the Gail model to incorporate standard risk factors and reflect current clinical practice. Two models included demographic and genetic factors only: the genetic variant-count model included the number of risk-conferring variant alleles (one allele for heterozygotes and two alleles for homozygotes) in categories of fewer than 6, 7 to 8, 9 to 10, 11 to 12, and 13 or more; the genetic individual-variant model included separate effects of the 10 individual SNPs. The inclusive model combined demographic factors, components of the Gail model, and the 10 SNPs into a single model. Tables 1, 2 , and 3 show the distribution of case subjects and control subjects according to cohort, age, and factors in the models. Except for age and year of study entry, all variables were fit as categorical terms.
Interactions
We investigated whether interactions between components of the Gail model and genetic variants would improve the performance of the relevant models. To avoid complex issues involving model selection that are beyond the scope of this article, we evaluated nonmultiplicative effects using the Tukey 1-degree-of-freedom test applied to the interaction term between the risk scores based on the Gail model and those based on the genetic variants 19,20 and a 16-degree-of-freedom test based on quintiles of the two scores. Further details are included in Appendix 5 in the Supplementary Appendix.
Estimates of Absolute Risk
We combined the risks from the logistic models, crude rates of breast cancer for each underlying cohort, and registry data to estimate the absolute risk of breast cancer per year, as described in Appendix 6 in the Supplementary Appendix. We used rates of breast cancer from U.S. 21 and Polish 22 registries, as appropriate.
Model Discrimination
Using receiver-operating-characteristic (ROC) curve analysis, we calculated the area under the curve (AUC), also known as a concordance (C) statistic, to assess discrimination. Each point on the ROC curve shows the effect of a rule for turning a risk estimate into a prediction of the development of breast cancer in a woman. The y axis of the ROC curve is the true positive rate or sensitivity (i.e., the proportion of women with breast cancer who were correctly predicted to have the disease). The x axis shows the false positive rate (the complement of specificity) (i.e., the proportion of women without breast cancer who were incorrectly predicted to have breast cancer). The area under the ROC curve, the AUC, measures how well the model discriminates between case subjects and control subjects. An ROC curve that cor- responds to a random classification of case subjects and control subjects is a straight line with an AUC of 50%. An ROC curve that corresponds to perfect classification has an AUC of 100%. Figure 1 shows a modified ROC graph, in which the y axis is the true positive rate and the x axis is the false positive rate in the population instead of the rate among control subjects only. 15
Comparison of Performance of Risk Models
To compare the performance of the models, we calculated the cross-classification of the assignment of case subjects into predicted risk bands of women with similar risk. The cutoff points were determined according to quintiles of estimated risk among case subjects and control subjects, weighted according to the inverse sampling fraction so as to apply the model to the underlying cohort (Appendix 7 in the Supplementary Appendix). We also used integrated discrimination improvement 23 as a measure to compare models without setting cutoff points. This measure compares two models for the change in the difference in the average estimated annual risk of breast cancer between case subjects and control subjects 20 ; thus, the integrated discrimination improvement will be large for a model that assigns a greater estimated risk to case subjects and a lesser estimated risk to control subjects. Details about the assessment of precision, testing of models, and extent of overfitting are included in Appendixes 8 and 9 in the Supplementary Appendix. 
R esult s
The associations between each predictor and breast-cancer risk were consistent with published data, and they were similar in the different models ( Table 2 in the Supplementary Appendix). Notably, the effect of a family history of breast cancer did not materially change after adjustment for SNPs. The risk of breast cancer among women who carried 13 or more of a maximum of 20 riskconferring variant alleles (which occur in about 4% of the population) was nearly three times the risk among women who carry 6 or fewer variants (12%). Table 3 in the Supplementary Appendix shows a comparison of how the models discriminated between women with breast cancer and those without the disease. The AUC for the demographic model was 53.4%. The addition of the SNP from the fibroblast growth factor receptor 2 gene (FGFR2) increased the AUC to 55.7%. The addition of four more SNPs (from Tox high-mobility group box family member 3 [TOX3], mitogenactivated protein kinase kinase kinase 1 [MAP3K1], chromosome 1p, and a RAD51-like 1 [RAD51L1] ) increased the AUC further, to 57.9%. The AUC for the 7 SNPs described by Pharoah et al. 15 was 58.6%, and the addition of the 3 others to incorporate all 10 SNPs listed in Table 3 in the Supplementary Appendix increased the AUC only to 59.7%. The discrimination in the simpler genetic variant-count model was somewhat less (58.9%).
Among the individual nongenetic factors, a history of breast biopsy yielded the greatest AUC (56.2%). The nongenetic model, with the use of all four components of the Gail model, showed an AUC of 58.0%. The inclusive model, with components of the Gail model and 10 SNPs, yielded an AUC of 61.8%, an increase of about 3.8 percentage points over the nongenetic model and 2.1 percentage points over the genetic individualvariant model. In short, the AUC for the genetic models was only slightly higher than the AUC for the nongenetic model, and the addition of the components from the Gail model increased the AUC by 2 more percentage points; thus, discrimination by means of the inclusive model is better than discrimination by means of either the genetic or nongenetic models. In parallel, integrated discrimination improvement, or the difference in the estimated annual risk of breast cancer between case subjects and control subjects, ranged from 0.015 to 0.022% in the inclusive model ( Table 3 in the Supplementary Appendix). Our empirical analysis indicated a modest increment in discrimination by means of the inclusive model in relative and absolute terms, despite very low P values.
We also empirically examined the performance of high and low absolute risk (i.e., the performance of the models for women who might be singled out for more aggressive or less aggressive intervention than women at average risk). The genetic models yielded better discrimination than the nongenetic models among women at the lowest estimated risk (Fig. 1B) , but not among women at the highest estimated risk (Fig. 1C ).
For women with a risk estimated from the inclusive model that was above the median in control subjects, the AUC was 58.8%, but it was only 56.6% for women with an estimated risk that was above the 80th percentile. Table 4 in the Supplementary Appendix shows how the addition of genetic data affected classification of the case subjects with breast cancer. The percentages of all case subjects according to quintiles of absolute risk are shown for the inclusive and nongenetic models. The estimated annual risk was above 0.575% for substantially more case subjects with the inclusive model than with the nongenetic model (27.7% vs. 18.9%). Slightly fewer than half the case subjects (47.2%) were in the same category in both models. A total of 32.5% of the case subjects were in a higher-risk category with the inclusive model than with the nongenetic model, and 20.4% were in a lower category. The corresponding percentages for the control subjects were 26% and 28%. We found no evidence that a complex model involving interactions among Gail model components and SNPs performed materially better than the models described here (P>0.10).
Discussion
In our study involving 5590 case subjects with breast cancer and 5998 control subjects, the addition of information on 10 genetic variants to a standard clinical breast-cancer risk model predicted the risk of breast cancer only slightly better than the clinical model alone. In the inclusive model, the ROC curve was above 60% of the possible AUC. That is, about 60% of the time, a randomly selected patient with breast cancer had a higher estimated risk than the risk for a randomly selected woman in whom breast cancer did not develop during the follow-up period. By contrast, a single dichotomous risk factor detected in 60% of case subjects and 40% of control subjects (odds ratio, 2.25; AUC, 60%) would discriminate about as well as our model by the AUC criterion. We saw similarly modest improvement using measures based on the change in estimated risk. Although our data suggest that the SNP-only model predicted risk slightly better than the Gail model, the nongenetic clinical variables are available at essentially no cost, whereas the costs of obtaining genetic information are likely to be substantial. We have evaluated risk-prediction models as we would any other clinical test. Our results are presented in terms of absolute risks, which are easily translated into positive and negative predictive values in considering who will benefit from a clinical test, including a risk model. 24-26 Our findings were based on a large number of case subjects and control subjects, drawn from four prospective cohorts and one population-based case-control study. Our inclusive model incorporated information on components of the Gail model and genotypes of newly established SNPs; this information is not often included together in the same study. Our analysis also had technical advantages over other risk-modeling efforts: we fitted the effects of age and cohort so as not to give the models credit for fit based on demographic factors; we were able to assess the effect of adding SNPs on estimated risk and on changes in risk category for case subjects and for a hypothetical population.
There were some unavoidable weaknesses of this study and its data sources, particularly in evaluating risk for clinical use. For example, we pooled data from four U.S. cohort studies and a case-control study from Poland; these studies had different designs and enrollment characteristics. We included only women of European ancestry in the empirical analysis, and we did not consider subtypes of breast cancer. As a group, the study participants are not representative of any specific population. Screening practice may vary within and among studies. Because of self-selection for participation in the studies, we expect that the average risks in the U.S. studies will be different from each other and from the U.S. average. Similarly, in a clinical context, we cannot expect the risk for an individual woman to be the same as the average risk for a population. Our estimates of the performance of the risk models may be slightly higher than can be expected in typical clinical settings because we report results with minor overfitting. Given the complexity of the model with 4 Gail model components and 10 SNPs, we chose to fit each factor without constraints but did not attempt to evaluate hundreds of interactions among the factors or with age and cohort. Our simple interaction models gave no suggestion of improved performance from interactions between genetic and Gail model components; more sophisticated modeling may improve the performance of these factors in predicting breast-cancer risk. Finally, comparisons of models are slightly unfavorable to the Gail model because we could not include the history of atypical hyperplasia and information on mammographic density. Although they are not routinely incorporated into the Gail model, these factors may improve the performance of future versions of the model. 14 Our analysis indicates that the genetic variants we studied provide modest improvements in discrimination and prediction models, whether measured as the AUC, as a discrimination index, or as a change in position in broad bands of risk, such as might be used in clinical settings. We see little evidence of benefit from including genetic variants at the extremes of high and low risk, categories in which further stratification might be most valuable. This empirical demonstration of the potential benefit of adding SNP data to breastcancer risk models based on individual data is generally consistent with theoretical predictions 15,27 that use published estimates of effect.
Because statistics such as the AUC and integrated discrimination improvement do not provide a readily intuitive sense of the clinical usefulness of these models, we focused much of our discussion on the degree of incremental improvement associated with adding the genetic variants. As in diabetes 28 and cardiovascular disease, 29 the addition of the common SNPs added little to the predictive value of the clinical models. On the basis of theoretical models, Gail 30 has shown that increases in the AUC similar to those observed here are not sufficiently large to improve meaningfully the identification of women who might benefit from tamoxifen prophylaxis or assignment of screening mammography.
Although the Gail model and SNP-inclusive models may help to identify groups of women who have an increased risk of breast cancer for trials of interventions, none of the models in our set of data accurately predicted the development of breast cancer. Our results indicate that the recent identification of common genetic variants does not herald the arrival of personalized prevention of breast cancer in most women. Even with the addition of these common variants, breast-cancer risk models are not yet able to identify women at reduced or elevated risk in a clinically useful way.
